Results from genome-wide association studies (GWAS) have indicated that strong single-gene effects are the exception, not the rule, for most diseases. We assessed the joint effects of germline genetic variations through a pathway-based approach that growth factor (P = 1.18 × 10 −31 ) and fibroblast growth factor (P = 2.47 × 10 −31 ) signaling pathways. However, within these shared pathways, the genes that influence risk largely differ by cancer. Pathways found to be unique for a single cancer focus on more specific cellular functions, such as interleukin signaling in lung cancer (P = 1.69 × 10 −15 ), apoptosis initiation by Bad in breast cancer (P = 3.14 × 10
Introduction
There are approximately 14 million new cancer cases and 8 million cancer-related deaths in the world each year (1) . In the United States, cancer is the second most common cause of death, accounting for nearly one in every four deaths (2) . Genomewide association studies (GWAS) have significantly improved our understanding of cancers by uncovering novel associations of germline genetic variations known as single-nucleotide polymorphisms (SNPs) with disease risk in a high throughput and agnostic manner (3) . GWAS have highlighted the polygenic nature of susceptibility as well as the importance of genetic loci that are not directly related to carcinogenesis (4) . However, extending GWAS findings to mechanistic hypotheses about disease development and to clinical predictions has been an ongoing challenge for several reasons. Due to the need for multiple testing correction, the stringent requirements for cancer-associated SNPs to achieve acceptable significance (e.g. P < 5 × 10 −8 ) overlook many potentially genuine signals (5) . The significant SNPs discovered, along with the loci in which they are located, also usually offer little insight into disease biology without further investigation. In addition, most SNPs implicated in GWAS have small effect sizes, are low-penetrance, and poorly predict disease occurrence, so cancer-related GWAS findings have not yet been deemed medically actionable (6) . Lastly, the products of genes do not function independently, but rather in concert as part of biologic pathways. Therefore it is essential to study the influence of genetic variations on diseases in terms of pathway effects (5) . Substantial progress has been made to overcome the aforementioned issues. Imputation and meta-analysis of multiple GWAS have helped identify SNPs that display weak effects and/or that are not commonly genotyped: rare variants of BRCA2 and CHEK2 affecting susceptibility to lung cancer (7) , novel loci associated with hormone receptor status-specific subtypes of breast cancer (8) , and a locus conferring modest risk for aggressive prostate cancer (9) , were all detected by meta-analyses of many GWAS with imputed genotypes. Incorporation of tissuespecific data has benefitted GWAS analysis as well. For example, re-prioritization of GWAS findings guided by tissue-specific gene co-expression and protein interaction data has been shown to better predict disease genes in the Online Mendelian Inheritance in Man (OMIM) catalog compared with GWAS alone (10) . Correlating GWAS results with RNA-seq expression from lymphoblastoid cell lines has demonstrated that protective variants linked to follicular lymphoma exert their effects through cis-regulation of HLA-DBQ1 expression (11) . Heart quantitative interaction proteomics in combination with GWAS of long QT syndrome has also elucidated the functions of proteins that contribute to irregular heart rhythm (12) .
Pathway analysis both improves the detection of risk variants with modest effect sizes and derives biologically meaningful results from GWAS. Pathway analysis considers whether a group of SNPs, affecting genes that encode functionally related proteins, is jointly associated with a trait (13) . For example, groups of genetic loci were shown to collectively influence susceptibility to breast cancer (14) , Crohn's disease (5) , rheumatoid arthritis (15) and bipolar disorder (16) , even when most of the individual loci do not exhibit genome-wide significance. Testing for associations at the pathway level is robust to genetic heterogeneity within study populations, as detection of the cumulative small effects of various germline signals in pathways is more reliable than detection of each individual small effect (17) . For gene sets that represent the components of known cellular processes, conducting pathway analysis thus not only helps capture weak signals from GWAS, but also proposes mechanisms through which germline variations may affect disease risk.
Given the potential of pathway analysis to extract mechanistic insights from genomic data, there has been surging interest in developing integrative pathway analysis methods that leverage additional types of data to better understand the bridge between genotypes and phenotypes. Pathway analyses of GWAS coupled with gene expression datasets have identified new pathways associated with type 2 diabetes (18), cardiovascular disease (19, 20) , Alzheimer's disease (21) and a variety of immune-related disorders (22, 23) . Similarly, network-guided pathway analyses make use of results from focused and high-throughput experiments. Derived biomolecular interactions between pairs of gene products are portrayed as graphs, where nodes denote gene products and connecting edges denote their relationships. Topologic analyses of these networks, usually taking into account GWAS findings as attributes of the relevant nodes, have also been successful in implicating biologic pathways that mediate genetic risk for a variety of psychiatric (24) (25) (26) (27) and immune-related disorders (28) (29) (30) .
While GWAS of immune-related disorders are frequently studied by these integrative pathway analysis approaches (23, 31) , the majority of GWAS have yet to garner as much attention, including those involving cancer. A recent review of GWAS-based pathway analysis methods showed that most in fact do not take into account tissue-specific contexts (32) . Since protein expression levels and interactions are well known to vary across different types of tissue (33, 34) , tests of association between biologic pathways and cancer should consider the relevant tissue context of the primary tumor development site. For example, suppose 10 proteins in a pathway are encoded by genes implicated in breast cancer GWAS. And suppose this finding indicates that there is a statistically significant association between the pathway and breast cancer. However, only six of these proteins are found to be appreciably expressed in the breast and to interact with other breast-expressed proteins. If such a finding (6 instead of 10 proteins) is no longer statistically significant, then the original pathway association is invalid, at least in breast tissue. Therefore association results from many previous cancer GWAS pathway analyses that map GWAS hits to pathways without regard for tissue-specific context (14, (35) (36) (37) (38) (39) are liable to feature false positives. Nevertheless, it is certainly possible for germline variants to indirectly exert their influence on cancer development outside of the primary cancer tissue site. For example, mutation-driven alterations in synthesis, circulating bioavailability, and metabolism of endogenous hormones have been shown to modulate breast cancer risk (40) . Here, we focus on the pathway-level effects of genetic variations in the primary cancer tissue site only, as such an approach is less likely to generate false positive results that are difficult to experimentally validate (41) .
We applied a novel integrative pathway analysis method to GWAS of common cancers: lung cancer, breast cancer and prostate cancer. Each of the three GWAS meta-analyses used herein is among the largest reported with respect to its corresponding cancer among individuals of European ancestry. For pathways in the Reactome database, we computed statistical enrichment by proteins expressed in the tissue of tumor origin that are linked to disease-associated SNPs, and by the tissue-specific interaction partners of these proteins. Identified susceptibility pathways were also compared across the three cancers to highlight shared and unique pathways, as well as the overlapping and distinct gene members within shared pathways that influence risk for each cancer. This study is the largest comparative cross-cancer GWAS-based pathway analysis of its kind and takes into consideration tissue-specific context as well. In addition, it is the first to account for proteins that may affect disease risk through their interactions (42) with the protein products of GWAS-implicated genes.
Results
The three cancer GWAS meta-analyses used in this study consist of 12 160 lung cancer cases and 16 838 controls, 15 748 breast cancer cases and 18 084 controls, and 14 160 prostate cancer cases and 12 724 controls of European descent (Table 1) . Top independently associated SNPs for each cancer were derived from the corresponding meta-analysis summary results through stepwise-selection conditional analysis (43) . SNPs were mapped to genes within 10 kb to account for the majority of potential intragenic and transcription regulatory effects driven by variants (32, 44) . The products of these genes were further filtered for participation in tissue-specific protein interaction networks using the TissueNet database (45) . From these networks, we retained for pathway analysis only the members encoded by genes likely to be influenced by independent cancer-associated SNPs (denoted 'key proteins' hereafter) and other proteins that interact with at least three key proteins (denoted 'linking proteins' hereafter). Key proteins and linking proteins (Supplementary Material, Figs S1-S3) were then assessed for statistical enrichment of pathways in the Reactome database (46) using the hypergeometric test. The hypergeometric test reports the probability (a P-value) that a random list of proteins would better represent the proteins in a pathway compared with those in each cancer susceptibility interaction network ( Table 2 and Fig. 1 ). We applied false discovery rate (FDR) adjustments (47) to the nominal pathway P-values to correct for evaluation of the network proteins against every Reactome pathway.
Some key proteins possess far more known interacting partners than average (e.g. epidermal growth factor receptor and p53). Network topology studies have shown that in human protein interaction networks, about 10% of nodes ( proteins) have 10+ fold greater degree compared with the average node degree (48) . Key proteins with this property are more likely to have linking proteins that also fall into the same pathways. These pathways, as well as larger pathways in general (5, 49, 50) , have a greater tendency to be significantly enriched relative to pathways that are smaller or involve proteins with fewer known interacting partners. We accounted for these two biases by comparing the number of proteins in each pathway that comes from the observed cancer susceptibility networks to the corresponding distribution of counts from networks generated by applying the same pathway analysis workflow to randomly chosen genes ('randomization rank', see Methods). For example, if a pathway contains 18 proteins on average from simulated null networks and 20 proteins from an observed cancer susceptibility network (which achieves only a 60th percentile rank in the former distribution), that pathway result would be discarded. Therefore the strength of association between a pathway and cancer has been not only computed in terms of statistical enrichment, but also referenced against a benchmark that is specific to the pathway. Table 3 presents the significant pathways (P-value <0.05 and randomization rank percentile >95), and organizes them according Tables  S1-S4 for details on individual-cancer pathway P-values, network proteins that participate in each pathway, and randomization ranks). Most proteins from the cancer susceptibility networks that participate in significant pathways are linking proteins. In addition, most of the proteins that belong to at least two cancer susceptibility networks and participate in a common pathway are also linking proteins. Pathways that affect risk for multiple cancers were found to be much more strongly associated with each cancer than pathways that are unique to a single cancer. These findings collectively suggest that the potential germline- Table continues based mechanisms most important to predisposing risk for cancers of the lung, breast, and prostate tend to be shared across the cancers rather than be unique to any single cancer; yet key proteins for the three cancers tend to be different, even if they contribute to the functions of the same overall pathway. As labeled in Table 3 , the majority of implicated pathways fall under categories of cellular processes that are well-known to promote oncogenesis in a diversity of tissues. These categories describe cell growth and proliferation, immunologic signaling, cell fate specification and migration, and regulation of cell cycle or cell death. Lung cancer risk is mainly associated with immunerelated and cell organization pathways ( pathway #s 18 Table 3 ). In order to avoid misrepresenting cancer risk pathway trends due to the presence of redundant pathways, we removed Reactome pathways that have largely similar protein members (see Methods). These trends are consistent with cancer progression findings in the experimental literature (51) (52) (53) (54) (55) (56) (57) (58) (59) (60) (61) (62) (63) (64) .
Some key and linking proteins play roles in multiple susceptibility pathways for each cancer. Among pathways associated with lung cancer, breast cancer and prostate cancer, the most frequently observed key proteins transduce extracellular stimuli (genes EGFR, CHUK, ERBB4 and KIT), are involved in calcium-regulated kinase activity (genes PIK3R1, PRKCA, PRKCE and CAMK4) and facilitate signaling by heterotrimeric G proteins (genes ADCY8, GNG2, GNG7 and GNG12), respectively. In other words, many pathways that are associated with a given cancer contain a recurring set of the same key proteins (Table 4 and Supplementary Material, Table S5 ). In lung cancer for example, conserved helix-loop-helix ubiquitous kinase (CHUK) is a key protein component in a variety of pathways that perform different functions, such as growth factor signaling, inflammation mediation and regulation of leukocyte activity ( pathway #s 1-6, 17-19, 22 and 46 in Supplementary Material, Table S4 ). This offers a valuable illustration that alterations in the function or abundance of a few genes have the potential to influence a wide array of biologic processes. In contrast to common key proteins, common linking proteins among implicated pathways exhibit significant overlap across the three cancers (genes MAPK1, PTPN11, SRC, FYN and GRB2). For proper count comparisons, we ensured that gene occurrences in pathways were not driven by SNPs mapping to multiple genes. Indeed, all key proteins from the lung cancer, breast cancer and prostate cancer susceptibility networks are encoded by genes that were mapped one-to-one from independently associated SNPs.
Discussion
GWAS have been successful in identifying many genetic variants that are significantly associated with human diseases. However, a gap has emerged between the ability to detect these associations and the ability to meaningfully interpret their biologic significance. By incorporating protein interaction and pathway annotations in post-GWAS analysis, we sought to determine the likely 
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The hypergeometric test was used to compute the probability that randomly selected proteins would better represent each pathway in the Reactome database compared with proteins in the three cancer susceptibility networks. Size: total number of proteins in a pathway. P-value: the hypergeometric probabilities were adjusted to account for multiple comparisons across all Reactome pathways using the Benjamini-Hochberg FDR method; for a pathway implicated in at least two cancers, a combined P-value mechanisms through which germline genetic variations confer risk for cancers of the lung, breast and prostate in a tissue-specific manner. We identified pathways that are statistically enriched with proteins expressed in the lung, breast and prostate from cancer GWAS-implicated genes, along with mutually interacting partner proteins in the respective tissues. These pathways were compared across the three cancers to highlight shared and unique findings. This study is the largest comparative cross-cancer GWAS-based pathway analysis to date. Furthermore, it is the first to consider the importance of not only the products of genes influenced by disease-associated variants ('key proteins'), but also their tissue-specific interaction partners ('linking proteins'). Our network-guided approach was motivated by the fact that most disease phenotypes are rarely the consequence of a single genetic abnormality. In the complex interconnected network of biomolecules within cells, genetic variations not only impact the gene products whose activity and expression are directly under regulation, but also can spread their effects along links of the network to many other components (65) . For example, a study combined GWAS with accurate models of immunologic signaling cascades to identify NF-κb as an important integrator of upstream genetic changes that increase risk for the activated Bcell subtype of diffuse large B-cell lymphoma (66, 67) . Subunits of NF-κb were not implicated by GWAS, but were shown to interact with and respond to changes in the products of GWAS hits. Similarly, GWAS have indicated that genetic risk loci associated with Alzheimer's disease are related to immune functions, synaptic transmission and lipid processing (68) . A subsequent study of gene co-expression then demonstrated that a gene not directly tied to any risk-conferring variants, TYROBP, is a mutual regulator of these mechanisms and affects amyloid-β turnover and neuronal damage in microglia (21) . Both discoveries may have been expedited had a preliminary bioinformatics analysis proposed disease pathways based on the involvement of GWAS hits and their interaction partners.
Nevertheless, pathway analysis is only as reliable as the pathways being studied. We chose the Reactome pathways for enrichment analysis because Reactome documents the interrelated biochemical reactions and transformations in which every pathway member participates (46) . Another concern in integrative pathway analysis of GWAS data is compromise of the agnostic value of GWAS. While GWAS do not take into consideration any knowledge of diseases or genetic associations, and thus provide unbiased results, coupling GWAS results with databases of tissue-specific protein interactions and pathways may preferentially implicate some genes and their affiliated pathways over others. For example, if a particular gene expressed in a tissue is studied more often than other genes of the tissue, more of that gene product's interactions will be discovered. Pathways encompassing those interactions are then more likely to be detected. Larger pathways also have a greater chance of spuriously being enriched by a random list of proteins. We accounted for these two biases by computing pathway enrichment for tissue-specific protein interaction networks constructed from randomly sampled genes. Of all Reactome pathways found to be statistically enriched using the hypergeometric test, only those containing significantly more proteins from the observed networks compared with the distribution of protein counts from simulated null networks were deemed to exhibit association with cancer risk.
Shared pathways
Shared susceptibility pathways across all three cancers primarily consist of processes that mediate cell proliferation ( pathway #s 1-4, 6, 9, 10, 12, 15 in Table 3 ). Within these shared pathways, however, key proteins are mostly distinct for each cancer. Therefore in a given individual, germline-based pathway influences on oncogenesis are not the same in every tissue, despite identical genomes in all cells. Tissue-specific contexts, such as patterns of gene expression, protein interactions, and exposures, are likely to make the cancer predisposing effects of dysregulated growth signaling pathways more relevant in certain tissues than in others. Furthermore, even if a shared pathway has the potential to promote tumor growth in multiple tissues, the precise affected components of the pathway tend to differ by cancer tissue type.
Immunologic signaling is the other predominant category of shared pathways. Cancer cells have been shown to acquire enhanced evasion of immune surveillance. Improper secretion of transforming growth factor β (TGFβ), various interleukins and/or interferon γ (IFNγ) is believed to disrupt the antigen recognition, antigen presentation and stimulation events required for lymphocyte activation (69,70) ( pathways #s 5, 11, 13, 29, 36, 37, 46 and 72 in Table 3 ). Aberrant immunologic signaling appears to have a greater relative importance in lung cancer predisposition. We found significantly more immune-related pathways to be associated with lung cancer than with breast cancer and prostate cancer. This observation supports the most common mechanism of lung carcinogenesis: inhaled compounds from tobacco smoking provoke inflammation and DNA damage in the lung. Therefore individuals, especially smokers, with the genetic risk of over-suppressing local immune surveillance in response to inflammation or inadequately halting cell cycle progression in the presence of biochemically altered DNA ( pathway #s 18, 19, 48 and 54 in Table 3 ) are expected to have a higher chance of developing lung cancer compared with individuals without these genetic risk factors (71,72). Table 2 ). Elevated leptin, which often characterizes a state of obesity and insulin resistance, has been shown to inhibit apoptosis and induce epithelial-mesenchymal transition in breast cancer cells by stabilizing β-catenin in the Wnt signaling pathway (73) . The likely presence of such crosstalks between mechanisms of metabolic homeostasis and oncogenic signals is in line with the higher incidence, greater aggressiveness, and poorer prognosis of breast cancer observed in obese females (74) . An abundance of pathways related to platelet functions is associated with prostate cancer risk. We actually identified three platelet receptor pathways associated with prostate cancer risk (pathway #s 8, 71 and 75 in Table 2 ), against which pharmacologic blockades have demonstrated attenuation of protective aggregation and growth factor secretion by platelets around prostate cancer cells (75) (76) (77) . More generally, the key proteins driving statistical enrichment of many pathways associated with prostate cancer are known to facilitate signaling by heterotrimeric G proteins (Supplementary Material, Table S3 ). This pathway-level insight has not been reported in previous bioinformatics analyses of GWAS. Overactive signaling by G protein-coupled receptors (GPCRs) synergistically enhances the tumorigenic effects of PTEN loss (78) (79) (80) , the most frequently observed tumor-suppressor gene inactivation in prostate cancer. The only GPCR-related highlight from other GWAS is the implication of GPCR family C group 6 member A in three GWAS of prostate cancer among Asian men (81) .
Overall, the majority of associated pathways (74 out of 80 total pathways in Table 3 ) exhibit some involvement in the development of at least one cancer type (51) (52) (53) (54) (55) (56) (57) (58) (59) (60) (61) (62) (63) (64) . Moreover, we identified associations between metabolism regulation and breast cancer and between platelet signaling and prostate cancer that are in agreement with results from ex vivo studies (75, 76, 78, 80, 81) , but that have not been detected in previous cancer GWAS analyses. Although encountering matching pathway descriptions in the experimental literature for each cancer's progression hardly suffices as validation of the predicted risk-influencing pathways, these broad corroborations indicate that our findings still provide meaningful direction for new more specific studies. For example, genome editing using CRISPR-Cas9 recently elucidated the mechanism of gene expression alterations that repress white adipocyte browning and thermogenesis in favor of lipid storage caused by an obesity-predisposing variant (82) . Guidance for this study design came from the suspected roles of adipocyte differentiation in obesity put forward by many previous investigations, including pathway analyses of obesity GWAS (83). Our network-based pathway analysis is useful for pointing out not only pathways to further pursue, but also the pathway components whose potential alterations may have a genetic basis or may be secondary to interactions with other such components.
Differences from prior studies
It is important to emphasize that just because a pathway was not identified to influence risk for a certain cancer by this analysis does not imply that the pathway plays no role in the cancer's development. For example, leptin signaling was found to be associated with only breast cancer. However, molecular studies have indicated that leptin also affects lung cancer and prostate cancer progression (84) (85) (86) . These are not necessarily conflicting findings, as we sought to characterize using pathways the effects of germline related risk factors in the initiation of three cancers. To this end, we infer that leptin signaling is important to the earliest stages of breast cancer predisposition, whereas it is likely to become more relevant to lung cancer and prostate cancer later in the neoplastic transformation process. This temporal variation of pathway relevance in cancer cell evolution is described in a recent study of skin cancer (87) .
There are also some pathways that were not detected in the present study, but have garnered experimental support and been implicated in other pathway analyses of cancer GWAS (14, (35) (36) (37) (38) (39) . For example, hormone influences were highlighted in previous pathway analyses of breast and prostate cancer GWAS (35, 39) . Indeed, the interplay among environment, diet and endocrine homeostasis is believed to significantly influence risk for breast cancer and prostate cancer (88, 89) . In our analysis, the susceptibility pathways found to be shared between breast cancer and prostate cancer are fewer and have a weaker unifying theme ( pathway #s 38-45 in Table 3 ) compared with those between the other cancer pairs. Hormone-related pathways are not featured altogether. This discrepancy may be attributed to a few reasons. First, the aforementioned GWAS-based pathway analyses mapped SNPs to genes within a much more liberal window (±50-500 kb, versus ±10 kb in the present study). Therefore more genes were used for pathway analysis per SNP implicated. More pathways would then have the opportunity to be statistically enriched compared with our method. In addition, those methods disregarded tissue specificity. Similar to using a wide SNP-gene mapping window, lacking a tissue-specific focus will lead to the detection of more false positives. However, it will also be more proficient in detecting potentially genuine multiorgan factors that affect disease risk. These certainly exemplify endocrine-and diet-driven effects. Lastly, a simple expansion of the list of pathways being assessed may offer insights beyond those presented here due to Reactome's peculiar pathway coverage. Of its 1675 pathways, fewer than 20 involve hormones and almost all of them are unrelated to the mechanisms of sex hormones (46) .
Limitations and future directions
Our approach would be improved by implementing SNP-to-gene mapping that more accurately reflect intragenic and transcription regulatory effects. We deemed a gene to be affected by independent cancer-associated SNPs if the SNPs reside either inside the gene or within 10 kb of its boundaries. It has been estimated that 95% of all SNPs that regulate gene expression, also known as expression quantitative trait loci (eQTLs), are located within 20 kb of genes (32, 44) . Although applying a fixed mapping window for all SNP-gene pairs in all tissues does not reflect true biology, we adhered to this approximate guideline given its common use among existing GWAS-based pathway analysis methods and given the nascent status of reliable tissue-specific SNP-gene effect annotations at this time (90) . More complete tissue-specific annotations would be able to quantify the strength of all SNPgene relationships and capture far-reaching trans effects, such as alterations in transcription factor genes or chromatin organization, that are missed by regional window mapping altogether. Such eQTL datasets have long existed for leukocytes, owing to their ease in sampling from human subjects, and have facilitated many integrative, comparative GWAS-based pathway analyses of immune-related disorders (23, 31) . Due to difficulty obtaining tissues, eQTL results for normal tissues other than peripheral blood are just beginning to be publically released through the Genotype-Tissue Expression project (91) . The insights from the present study, and potential future studies that utilize a similar pathway analysis workflow, will become more refined with the incorporation of more comprehensive tissue-specific eQTL findings.
Even so, leveraging tissue-specific eQTLs, gene expression patterns, and protein interactions in pathway analysis boosts the ability to detect overarching pathways that are relevant to a heterogeneous mix of cells within the tissue, but dilutes the ability to discern cell-specific associations. The microenvironment surrounding and supporting tumors is an ecosystem composed of many cell types, including fibroblasts, endothelial cells, adipocytes, and cells of the immune system (92) . For example, reciprocal signaling between fibroblasts and mammary cells is critical for breast cancer progression and invasion (93) , while the processing of inflammatory biomolecules by tumor cells and leukocytes is more important to lung carcinogenesis (94) . However, GWAS-based pathway analyses alone cannot yet attribute susceptibility pathways to specific cells with high confidence. This pertains to cells of both the microenvironment and the main cancer lineage. Therefore collapsing complex cancers with multiple subtypes, such as cancers of the lung and breast, into single diseases also facilitates implicating overarching pathways across cancer subtypes, but not subtype-specific mechanisms. Pathway analyses of GWAS that integrate findings from tissue-specific profiles offer promising new insights into disease risk mechanisms. Nevertheless, the pursuit of progressively more cell-specific studies also prompts the need for more specific complementary datasets that require additional time and new technologies to be generated accurately.
Materials and Methods

Description of GWAS meta-analyses and component studies
Lung cancer
Fixed effects meta-analysis with inverse variance weighting was conducted for summary results from previously reported GWAS of 12 160 lung cancer cases and 16 838 controls of European ancestry. Subjects were from the MD Anderson Cancer Center lung cancer study (95) ; the UK lung cancer GWAS by the Institute of Cancer Research (96) which includes cases from the Genetic Lung Cancer Predisposition Study (GELCAPS) (97) and controls from the 1958 Birth Cohort (98); the IARC lung cancer GWAS (99) which includes the Central Europe GWAS (100); the National Cancer Institute (NCI) lung cancer GWAS which includes the Environment and Genetics in Lung Cancer Etiology (EAGLE) study (101) and the Prostate, Lung, Colorectal, and Ovarian (PLCO) Cancer Screening Trial (102); the Toronto lung cancer GWAS by the University of Toronto and the Lunenfeld-Tanenbaum Research Institute (99) ; and the Helmholtz-Gemeinschaft Deutscher Forschungszentren (HGF) lung cancer GWAS (103) . These data represent part of the Transdisciplinary Research in Cancer of the Lung (TRICL) project and are being uploaded to the Database of Genotypes and Phenotypes (dbGaP) for public availability to interested scientists. (108) , the UK2 study (109) , the Singapore and Sweden Breast Cancer (SASBAC) study (110) , and the Mammary Carcinoma Risk Factor Investigation (MARIE) study (111) ; studies by the Breast and Prostate Cancer Cohort Consortium (BPC3) which consist of the American Cancer Society Cancer Prevention Study II (CPS-II) (112) , the European Prospective Investigation Into Cancer and Nutrition (EPIC) study (113) , the Multi-Ethnic Cohort (MEC) study (114) , the Nurses' Health Study (NHS) and NHSII (115) , the Polish Breast Cancer Study (PBCS) (116) , and the PLCO Cancer Screening Trial (117); studies by the Triple Negative Breast Cancer Consortium (TNBCC) (118) (119) (120) ; and the Breast Cancer Family Registry (BCFR) study (121) . These data represent part of the Discovery, Biology, and Risk of Inherited Variants in Breast Cancer (DRIVE) project and are publically available.
Breast cancer
Prostate cancer
Summary statistics from a fixed-effects inverse variance weighted GWAS meta-analysis of 14 160 prostate cancer cases and 12 724 controls of European ancestry were downloaded from the GAME-ON Sharepoint website on 29 July 2013. Subjects were from studies by BPC3 (122), Cancer Research UK (CRUK) (123, 124) , the Prostate Cancer Genome-wide Association Study of Uncommon Susceptibility loci (PEGASUS) arm of the PLCO Cancer Screening Trial (125) , and Cancer of the Prostate in Sweden (CAPS) (126) . These data represent part of the Elucidating Loci Involved in Prostate Cancer Susceptibility (ELLIPSE) project and are publically available.
Description of GWAS with individual-level genotype data used for linkage disequilibrium estimation All GWAS datasets have been filtered to exclude individuals with more than 10% missing genotypes, SNPs with minor allele frequency less than 5%, SNPs with genotyping rate less than 90%, and SNPs that fail the Hardy-Weinberg test at the 0.0001 significance level.
NCI EAGLE GWAS
EAGLE is a case-control study that was conducted to investigate the genetic and environmental determinants of lung cancer and smoking persistence in Italians (101) . After data quality control, 501 658 SNPs (Illumina HumanHap550v3.0) in 3900 unrelated individuals consisting of 1923 lung cancer cases and 1977 controls were retained for further analysis.
Cancer Genetic Markers of Susceptibility breast cancer GWAS
The Cancer Genetic Markers of Susceptibility (CGEMS) breast cancer GWAS was conducted on postmenopausal women of European ancestry with invasive breast cancer and controls from NHS (127) . After data quality control, 493 677 SNPs (Illumina HumanHap550v1.1) in 2287 unrelated females consisting of 1145 breast cancer cases and 1142 controls were retained for further analysis.
CGEMS prostate cancer GWAS
The CGEMS prostate cancer GWAS was conducted on prostate cancer patients and controls of European ancestry from the PLCO Cancer Screening Trial (128) . After data quality control, 531 892 SNPs (Illumina HumanHap300v1.1 and HumanHap240Sv1.0) in 2293 unrelated males consisting of 1148 prostate cancer cases and 1145 controls were retained for further analysis.
Tissue-specific data
We obtained tissue-specific protein-protein interactions (PPIs) from the TissueNet database (45) . TissueNet has assembled PPIs from the Biological General Repository for Interaction Datasets (BioGRID) (129) , the Database of Interacting Proteins (DIP) (130) , IntAct (131) , and the Molecular INTeraction database (MINT) (132) as pairs of interacting proteins. These PPIs were experimentally detected by high throughput yeast two-hybrid tests and/or more focused studies, including co-immunoprecipitation, affinity chromatography, and affinity immuno-electrophoresis. The database then assigned PPIs to 16 major human tissues only if each partner of a PPI had passed at least one of the following tissue-specific thresholds: mRNA intensity value greater than 100 in BioGPS (133) , positive immunohistochemistry expression value with a medium or high antibody reliability score in the Human Protein Atlas (HPA) (134), or RNA-seq measurement of at least 1 RPKM in Illumina Body Map 2.0 (135).
All tissue samples that contributed to TissueNet come from healthy individuals, which is ideal for this type of study. We are interested in the interplay among genes in originally non-tumor tissues that collectively contribute to an eventual cancer phenotype.
Bioinformatics analyses
To the GWAS meta-analysis summary results of each cancer, we applied the software Genome-wide Complex Trait Analysis (GCTA) (136) to perform approximate conditional analysis and determine independently associated SNPs through stepwise selection. This was done to limit the inclusion of false positive associations due to SNP correlations within individuals. In the absence of individual-level genotype data for the three large meta-analyses, GCTA estimated linkage disequilibrium (LD) structure (43) from the corresponding GWAS described above. Specifically, SNP LD of the lung cancer meta-analysis was represented by the NCI EAGLE GWAS, SNP LD of the breast cancer meta-analysis by the CGEMS breast cancer GWAS, and SNP LD of the prostate cancer meta-analysis by the CGEMS prostate cancer GWAS. The total individual-level genotype data evaluated by GCTA consist of the separate GWAS in addition to SNPs imputed from the 1000 Genomes Project (Phase 3 integrated release, October 2014) (137) with haplotype phasing by SHAPEIT (138) using IMPUTE2 v2.3.1 (139) . The best-guess genotypes of imputed SNPs with information measure greater than 0.9 were converted to PLINK format (140) , which is the required input format for GCTA, by the software fcGENE (141) . SNPs with meta-analysis P-value less than 0.05 and conditional P-value less than 0.001 were mapped to genes in the National Center for Biotechnology Information (NCBI) database Build 38 using the R package NCBI2R (https://cran.r-project.org/web/packages/NCBI2R/index.html). A gene was considered to be affected by a SNP if the SNP is located within 10 kb upstream and downstream of the gene. This window was chosen to reflect potential SNP influences on both the structure (when SNP resides in the gene) and abundance (when SNP resides in a regulatory region near the gene) of transcription products.
For each set of genes to which independent association signals were mapped, we retained for further analysis only the genes encoding proteins predicted to be expressed in lung, breast, or prostate tissue and to interact with at least one other such protein. The TissueNet database (45) provided the reference for this filtering. Protein interaction networks were also constructed (Supplementary Material, Figs S1-S3) from TissueNet's tissue-specific datasets of PPI pairs and plotted using the R package qgraph (https://cran.r-project.org/web/packages/qgraph/ index.html). These networks contain both 'key proteins' ( products of genes that are likely to be affected by cancer-associated SNPs) and 'linking proteins' ( proteins that interact with at least three key proteins). The inclusion of linking proteins is important because their interactions with key proteins, although not necessarily as part of any established pathway, may indirectly perturb the functions of a given pathway (42) . Statistical enrichment of network proteins in pathways from the Reactome database (46) was assessed using the hypergeometric test; Reactome contained 7854 human proteins in 1675 pathways at the time of this analysis. The obtained nominal P-values were adjusted for FDR using the Benjamini-Hochberg method (47) . Pathways that do not contain any key proteins of a cancer were omitted from consideration for that cancer, regardless of pathway enrichment significance due to linking proteins alone.
Pathways that are larger or involve key proteins with more interacting partners have a greater tendency to be enriched due to chance. We accounted for these two biases by randomly sampling 50 000 gene sets from NCBI Build 38 of size equal to the number of genes mapped from independently associated SNPs for each of the three cancers. Tissue-specific interaction networks were then created from the products of these genes following the same procedure above. For every Reactome pathway exhibiting an FDR-adjusted hypergeometric P-value (denoted simply 'P-value' hereafter) less than 0.05 with respect to a cancer, we compared the number of proteins from the observed network in the pathway against the null distribution of corresponding counts from networks generated by random gene selection. If the observed value ranks higher than the 95th percentile ('Randomization Rank' metric in Supplementary Material, Tables S1-S4), that pathway was deemed significantly associated with the cancer at hand. For each pathway associated with at least two cancers, we combined their separate P-values using Fisher's method (142) to produce overall P-values that facilitate sorting. We then highlighted shared and unique susceptibility pathways across the studied cancers (Table 3 and Supplementary Material,  Table S4 ). Within shared pathways, distinct and overlapping key proteins and linking proteins from the cancer susceptibility interaction networks were also noted.
Reactome features many pathways with similar protein constituents. Some pathways are even entirely subsets of others. For pathways A and B with P-values less than 0.05, we discarded the less significant of the two pathways if their intersection represents greater than 80% of either A or B. Examples include 'Constitutive signaling by aberrant PI3K in cancer', 'PI3K/AKT activation', 'PI-3K cascade:FGFR1', 'PI-3K cascade:FGFR2', and 'PI3K events in ERBB4 signaling'; only the first pathway has been retained in our results. We also removed uninformatively broad pathways. We identified such pathways as those for which Reactome does not illustrate pathway diagrams at the protein level in its Pathway Browser tool (46) . Examples include 'Apoptosis' and 'Cell-Cell communication'.
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Supplementary Material is available at HMG online.
